1 0 3 interaction between two fluctuating residue pairs (i and j) as a spring with a constant k ij , 1 0 4 based on a statistical thermodynamics interpretation we previously developed (Erman, 1 0 5 2015). Plotting this spring constant for every residue pair in both GTP- (Figure 2A ) and GDP-1 0 6 bound ( Figure 2B ) K-Ras, we observe strong coordination in the fluctuations of GTP 1 0 7 phosphate groups with those of K-Ras (Figure 2A ).
0 8
To zoom in on and directly compare the effects of nucleotide binding on K-Ras stiffness, we 1 0 9 simply calculated the differences in spring constant values between GTP-and GDP-bound 1 1 0 K-Ras. In Figure 2C , red dots indicate that the differences are largely due to the stiffening 1 1 1 effects of GTP-binding on residue pair fluctuations. Notice that Regions 1-3 in Figure 2C that 1 1 2 correspond to secondary structures show significant increase in k ij when GTP-bound. We present a novel approach that combines several distinct analysis methods to quantify in 3 1 3 detail dynamics of GTP and GDP bound K-Ras, for which a significant amount of 3 1 4 experimental and theoretical data already exists in the literature to test our predictions.
1 5
Oncogenic K-Ras is an extremely high priority drug target in cancer treatment. In order to 3 1 6
develop new direct inhibitors that selectively bind to mutant K-Ras conformations while 3 1 7 sparing those of WT K-Ras, it is necessary to first understand the dynamic activity of the WT 3 1 8 protein in detail. To evaluate the nucleotide binding dependent changes in K-Ras stability, we 3 1 9 used stiffness and RMSF calculations and proved that GTP binding rigidifies and hence 3 2 0 stabilizes K-Ras motions. These results are in agreement with previous experimental and 3 2 1 computational K-Ras studies (Kapoor and Travesset, 2015, Raimondi et al., 2011, Diaz et 3 2 2 al., 1995).
2 3
Our calculations that use stiffness, RMSF and correlation graphs (Figure 1 -2, S1) confirm 3 2 4 that GTP binding increases K-Ras stiffness and thereby decreases fluctuation amplitudes, 3 2 5 leading to distinct correlation patterns. These striking changes in GTP bound-K-Ras 3 2 6 dynamics enable its GTPase activity. Note that this nucleotide exchange is the first step in 3 2 7 active to inactive transition (Prakash et al., 2012 , Prakash et al., 2015 , Zhang et al., 2012 3 2 8 Buhrman et al., 2011 , Prakash and Gorfe, 2013 , Grant et al., 2011a , Edreira et al., 2009 ).
2 9
Overall, our results support the well-established allosteric nature of K-Ras activation 3 3 0 (Prakash and Gorfe, 2013) , which has been suggested to play an important role in GTPase 3 3 1 activity (Grant et al., 2010) . Although correlated fluctuations are necessary for allosteric 3 3 2 information flow, their longer correlation decay times are also of crucial importance for 3 3 3 complete allosteric transition. We calculated time-dependent autocorrelations of fluctuation 3 3 4 vectors between residue pairs and discovered that correlations of K-Ras-GTP are stronger 3 3 5 and persist for longer correlation times during simulations. Their persistency may allow 3 3 6 complete allosteric information flow in K-Ras-GTP.
7
We broadened our analysis to quantify causality in allosteric regulation of K-Ras function.
8
The most important results from our study are on causality. We applied a simple but powerful 3 3 9 method that we defined as time-delayed correlation into protein dynamics. To understand K-3 4 0
Ras dynamics, we investigated whether fluctuations of any residue caused fluctuations of 3 4 1 another. Our results revealed the information flow in K-Ras switch mechanism and that SII 3 4 2 fluctuations drive SI fluctuations. This prediction is an essential validation of our approach, 3 4 3 since the dominance of SII motions over SI motions was observed in previous experimental 3 4 4 and computational studies (Clausen et al., 2015 , Grant et al., 2009a . Surprisingly, in addition 3 4 5 to the canonical switch mechanism, our algorithm also revealed causality relations in the 3 4 6 novel switch mechanism that includes 
5 2
Note that functionally, the identified driver and follower sites do not show an enrichment trend 3 5 3 in oncogenic mutations observed in human cancers (from 2266 missense K-Ras mutations 3 5 4 observed in all cancers within cBioPortal www.cbioportal.org on July 28, 2016). However, the 3 5 5 motions of residue Q61 (SII region), which is the second most frequently mutated residue in 3 5 6 cancer patients (113/2266 missense mutations) are driven by those of E49 (β3). While there 3 5 7 are no known oncogenic mutations of residue E49, experiments have shown that mutating 3 5 8 E49 leads to hyperactive Ras (Abankwa et al., 2008) , consistent with what we would expect 3 5 9 from a driver of Q61 motions, which also causes the same effect.
6 0
Our ongoing research on mutated K-Ras suggests deviations in dynamics from that of WT K-3 6 1
Ras. Any such investigation would first necessitate a deep understanding of the causal 3 6 2 relationships in intrinsic K-Ras motions. Understanding intrinsic WT dynamics is imperative 3 6 3 and serves as a necessary reference. Our objective behind this detailed analysis is to 3 6 4 provide such a reference for any future mutant K-Ras studies. It would be of interest to 3 6 5 identify how these findings change when there is a mutation on the protein. Only after 3 6 6 identifying these differences can we discover molecules that can eliminate the unfavorable 3 6 7 changes caused by the mutations.
6 8
The computational tools we introduce in the present work are easily applicable to the 3 6 9 analysis of simulation data from different proteins to understand causality in their allosteric 3 7 0 regulations which can then be utilized in drug discovery. From this perspective, our approach 3 7 1 sets a novel paradigm for drug design that directs attention to changes in protein dynamics.
7 2
The latter is in close relation to changes in protein function whose restoration to normal is the 3 7 3 target of all drug design activities. We performed all-atom MD simulations for both Mg +2 GDP-and Mg +2 GTP-bound K-Ras. As 3 7 7 the initial point of all simulations, we used the crystal structure corresponding to PDB ID 3 7 8 4OBE (K-Ras-GDP). For K-Ras-GTP structure, we simply substituted the GDP of K-Ras-3 7 9 GDP structure with GTP using Discovery Studio 4.5 software (BIOVIA, 2015) . We solvated 3 8 0 each protein in a water box (TIP3 water) where buffering distance between box edges and 3 8 1 protein was 12 Å. We applied periodic boundary conditions and added counter-ions to 3 8 2 neutralize the system. We used a 2 fs time-step with a 12Å cutoff for Van der Waals 3 8 3 interactions and full particle-mesh Ewald electrostatics. We carried out all computations in 3 8 4 dynamics procedure for an N, P (1 atm), T (310K) ensemble. We used NAMD 2.10 with 3 8 5 AMBER ff99SB and general amber force fields (GAFF). We obtained parameters of GTP and 3 8 6 GDP (see Supplemental Experimental Procedures). The initial system energy was first 3 8 7 minimized for 10,000 steps, followed by 10,000 steps for equilibration. After equilibration, we eliminate all rotational and translational motions, we aligned the trajectories to the initial 3 9 0 structure by using VMD software 1.9.2 (Humphrey et al., 1996) . We visualized trajectories 3 9 1 using VMD. We quantified nucleotide-bound K-Ras stiffness using a statistical thermodynamics 3 9 4 interpretation of fluctuation correlations (Erman, 2015) . We assumed that the interaction 3 9 5 between two fluctuating residues i and j can be represented by a spring, where the spring 3 9 6 constant follows from the Gaussian Network Model (GNM) (Haliloglu et al., 1997) :
is the instantaneous fluctuation of one end of the rod, To estimate the stiffness differences in active versus inactive K-4 0 5
Ras, we calculated ݇ ത for each residue and k overall for the protein for both states.
0 6
Stability 4 0 7
We defined the stability of an interacting system of residues as the joint state of reduced 4 0 8 RMSF and increased interaction stiffness. RMSF relates to the magnitude of fluctuations of 4 0 9
individual residues and stiffness relates to the distance between two residues and therefore 4 1 0 
where · denotes the dot product. Correlation varies between -1 and 1. If motions of two Time-delayed correlation of two fluctuations is defined by:
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